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The Importance of High-
Quality Data for Al & ML

Data-Centric Al



Limitations of Model-centric Al

e Limitations of tuning model parameters:
— Training on inaccurate data leads to inaccurate results
— Insufficient data points — Disappointing outputs

— Significant number of incorrectly labeled data points = Worse results
than when fewer but accurate labels are used
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Data-Centric Al Movement

Movement focused on improving the quality of data used to train
models, rather than tuning model parameters, to improve accuracy
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Benefits of Data-Centric Al

% We can be more accurate with less data
* Reduced data errors and inconsistencies, and improved data reliability

* Better insight into trends helping to interpret results and make better
decisions

* Lower overall cost
* Makes data more accessible to key stakeholders
* Reduced data redundancy
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* The accuracy of your model depends on the quality of your data
— Accurate information is needed to make good decisions

* Best to adopt a hybrid approach
— Considering both the data and the model

* You must have enough data to solve your problem, but having a
large amount of data is a benefit, not a must




Best Practices for Data
Curation

In Al & ML Projects



What Constitutes High Quality Data?

Sufficient Adequate
data points metadata

Consistent
and accurate

labeling of
Dependable data

sensors or ®
data
collection
devices
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Data quality can be enhanced through adhering to data curation best practices



Data Curation Best Practices

Data
Digestion

1.Acquisition of data from data owners

2.Digestion of data to gain an understanding of what is Dt
Included Transformation
3.Transformation of data into a machine-readable
format i
4.Quality assurance & quality control £ Conerol
5.Use in machine learning algorithms il
6.Repetition of previous steps until all data needs are Learning
met

7.Dissemination of curated dataset and ML outputs

Dissemination of Data

Supports a data-centric philosophy with goal of improving real- ~ andResults
WOI’|d appllcablllty Of FESUHZS GOOML data curation process as outlined in

Taverna et al., 2022



Where can you find high
qguality data?

Open Energy Data Initiative (OEDI)



The Open Energy Data Initiative

(OEDI)

— Home to data generated by
projects funded by the DOE Solar
Energy Technologies Office along
with other curated energy data

—> Provides public access to energy-
related data sets

— Consistently working to improve
the convenience and efficiency of
using its datasets in ML projects
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What kinds of Data are in OEDI?

Number of Submissions
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Featured Datasets

Buster et al., 2023
2050-03-30 00:00 (MST) (1/72)

* Sup3rCC: 4km hourly wind, solar,

temperature, humidity, and pressure e g
fields for the U.S. under climate s §
change scenarios. o
https://data.openei.org/submissions/5839 -15
* PVDAQ: Large-scale time-series db of .
system metadata and performance 4
data from public PV sites. o
https://data.openei.org/submissions/4568 6 §
* NSRDB: Serially complete collection g
of meteorological and solar 5T Mo o
irradiance data sets for the U.S. and CI 0l R
international locations. W {“}’2 o
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Data Lakes

@ €T

 Large or complex datasets L{0il0g
are stored in the OEDI data Laming  Analytics
lake '

AL

Cloud-based HPC

Industry, Academia,

* Allows users to query or Data Lake

(Big Data)

work with the data Public Access : : (On Demand)
without downloading the )
full dataset On-premises Real-time Data
. . Conventional HPC
* Integration with cloud- (Cloud Connected)

based tools Weers et al, 2021
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Big Picture and
Conclusions




Conclusions

» Data-centric Al allows you to obtain High quality
better results with less data .

* Adhering to best practices for data }
curation can help improve the High quality
quality of your data machine learning

results that are

* ML is exploratory in nature, meaning | @pplicabletoreal
world problems
that data curation is often iterative

* OEDI is a great starting place for
Obtaining high quality data Taverna et al., 2023
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